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While plant diseases continue to have a severe impact on food production, farmers
face a formidable challenge in trying to meet the escalating demands of a population
that is expanding quickly for agricultural items like potatoes. Despite spending
billions on disease management, farmers frequently struggle to effectively control
disease without the aid of cutting-edge technology. The paper examines a disease
diagnosis method based on deep learning. To be more precise, it uses a
Convolutional Neural Network (CNN) method for the disease's detection and
classification. This study examines the impact of data augmentation while
conducting an extensive performance evaluation of the hyper-parameter in the
setting of detecting plant diseases with a focus on potatoes. The experimental
findings demonstrate the effectiveness of the suggested model's 98% accuracy.
Considering growing global issues, this research aims to open new pathways for
more efficient plant disease management and, eventually, increase agricultural

output.

1. Introduction

Potatoes are one of the most widely cultivated crops
globally and serve as a significant way to earn money
for farmers. A/c to 2021 statistical report from the
(FAOSTAT) which is international Food and
Agriculture organization corporate statistical database,
worldwide potato production reached 376 million tons
and the total area which was harvested worldwide was
18,132,694 hectares [1]. In Mexico, potatoes hold a
prominent place in national agriculture, being a
fundamental ingredient in Mexican cuisine and various
international dishes. According to a report from 2020,
Mexico produces 3.76 million tons of potatoes annually
[2], placing it in the top ten nations in the world for
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production. Through the AgriFood and MALRDFF
issued a report in Mexico's AgriFood Trade the Balance,
emphasizing potatoes as the first greatest exported
agricultural product, with avocados holding the top spot.
However, several variables can affect the output of
potatoes. Crop diseases, as stated by the Food and
Agricultural Organization of the United Nations (FAO),
are to blame for losses of 20% to 40% of the entire
potato production. These diseases can be split into two
primary categories, the first of which is related to
contagious microorganisms like viruses, bacteria, and
fungi. If the situation is right, these diseases may quickly
propagate amongst the potatoes growing in the field.
The second category of illnesses is brought on by non-
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contagious chemical or physical components.
Unfavourable environmental factors, nutritional or
physiological disorders, and harm from herbicides are
some of these components. In contrast with infectious
diseases, non-infectious illnesses cannot spread from
one potato plant onto another. However, if an entire
potato crop is exposed to the same detrimental cause,
these diseases can affect many plants at once [3].
Specific conditions may cause these non-infectious
potato illnesses. This relationship is typically described
using the conceptual model known as the sickness
triangle. The three key components that interact in this
model are the surroundings, the living potato plant, and
any infectious agents. For the illness to appear, each of
these components must be present. Potato plants can be
strongly impacted by abiotic elements such as air flow,
temperature, humidity, pH levels, and irrigation
techniques. The infectious agent consists of organisms
that can harm the potato crop, including fungi, viruses,
bacteria, and others. The potato plant alone is referred to
as its host in this instance. When each of these
conditions is met at once, disease results. Many potato
diseases have symptoms that damage the plant from the
ground up, and many of them progress quickly once they
have been infected.

(b)

Fig. 1. Represents Some of Major Diseases In Potato Leaves
Including (a): Early Blight, (b): Late Blight, (c): Healthy
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Fig. 2. Class Distribution

Continuous monitoring of potato crops is necessary
to quickly spot illnesses and put in place effective
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countermeasures to stop the spread of them and potential
production loss.

The employment of molecular, serological, and
microbiological examinations is typical of traditional
methods used in the diagnosis of potato illnesses. They
also frequently include expert visual assessment,
analysis of morphological attributes to identify
infections, and expert visual assessment. Examining
specific disease symptoms (like lesions, blight, galls,
and tumours) or perceptible pathogen indicators is the
foundation of the visual assessment approach for
diagnosing potato illnesses. Emerging and inventive
methods must confront the obstacles and evolving
requirements set forth by the modern paradigm of potato
farming, which demands heightened precision and
nearly instantaneous detection.

Over recent years, diverse technologies, including
image processing, pattern recognition and computer
vision, have made significant strides and found practical
application within potato farming, particularly in the
automation of disease and pest identification
procedures. Conventional models[4], [5], [6], [7]. [8]
encounter significant challenges, stemming from
intricate pre-processing requirements and the labour-
intensive design of image features, which consume both
time and resources. DL technology, a branch of machine
learning that is becoming more and more popular in
disease diagnosis, has recently made significant strides
in the field of disease detection in potato plants [9]. The
availability of large datasets, improved storage capacity,
and rising computer power are all responsible for this
increase in popularity [10]. Convolutional Neural
Networks (CNN) are one of the most widely used
methods in deep learning [11], [12], [13] for tasks
including semantic segmentation, object detection, and
picture classification. By learning by the data present in
the photos for classification, CNNs are particularly
useful for identifying patterns within photographs of
potato plants [14], objects, and scenes, eliminating the
requirement  for  human  feature  extraction.
Convolutional, pooling, and fully connected layers are
some of the layers that make up CNNs, and they all work
together to make it easier to learn distinct features from
a variety of training data sources. In this paper we
discuss different potato diseases like late blight, early
blight and optimized our model with Convolutional
Neural Network (CNN).
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The main contributions can be summed up as
follows:

1. With a particular focus on potatoes, the paper presents
a novel method for diagnosing plant illnesses that makes
use of the Convolutional Neural Network (CNN)
method for plant disease detection and classification.

2. The study investigates how the suggested CNN-based
iliness detection model performs in relation to data
augmentation ~ methods  and hyper-parameter
optimisation. This extensive analysis offers suggestions
for enhancing the diagnostic system's reliability and
accuracy.

3. This study demonstrates the efficacy of the suggested
methodology by identifying and categorising plant
diseases with an astounding 98% accuracy rate. This
high degree of accuracy suggests that the developed
methodology may be useful in real-world agricultural
applications, which could ultimately lead to more
effective disease management.

2. Related Work

Plant disease detection has been a subject of long-
standing research. The early diagnosis of plant diseases
has long been studied. Numerous efforts have been
made to use a variety of techniques, including classifiers
that focus on characteristics like colour, texture, or the
shape of potato leaves, when it comes to recognizing
illnesses in potato plants. Early research efforts focused
on using support vector machines, decision trees, and
neural network-based classifications to identify
diseases. On commercial cameras, visual spectrum
images have been used to identify diseases in potato
plants. Under carefully monitored lab circumstances,
these images were analysed using methods such iterative
multiple regression and algorithms for clustering.

An increasingly popular method for identifying
illnesses in potato plants is convolution neural networks
(CNNs). Some research has focused on improving
feature quality by reducing obstacles brought on by
variable lighting conditions and environmental
complexity. Real-time models have also been developed
by certain researchers to hasten the disease detection
procedure for potato crops.

In Table 1: Javed Rashid et al. [15] in 2021, multi
levels deep learning models developed for potato leaf
detection at very first level author’s model extracted
potato leaves used YOLOV5 image segmentation
technique, at second level deep learning technique
developed with help of Convolutional Neural Network
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to detect early blight and late blight and the model got
99.7% of accuracy.

Another contribution is Feilong Kang et al. [16] in
2022, trained a lightweight CNN model to detect potato
disease like early blight and late blight and comparing
them to the healthy leaves their model got 93%
accuracy. They used Django platform.

Another study of Mahmudul Hassan et al.[17] in
2021 where the author proposed two methods under
CNN one is VGG with RF, considered disease are late
blight, rust, gray leaf spots in corn and early blight and
late blight in Potato leaf meanwhile their model got
98.74%.

Study by Hassan Afzaal and Aitazaz A. et al. [18] in
2021, where they discussed about early blight disease in
potato leaves with real-time database and they used
three different pre-trained CNN which are GoogleNet,
VGG and EfficientNet, and their model got 92% of
accuracy rate.

Study of Sunayana Aryaetal. [19] in 2019, Used pre-
trained model of Convolutional Neural Network which
is AlexNet to detect Potato and Mango leaf detection
and the potato disease dataset were taken from Plant
Village meanwhile Mango dataset taken from field
location.

Another study of Abdul Jalil rozagi et al. [3] in 2020,
where he used to identify potato leaf disease with three
types of data which are early blight, late blight and
healthy in this study author identified by deep learning
using convolutional Neural network. And their model
obtained up to 97% of accuracy.

The next study is Wengiang Gao et al. [20] in 2019,
when he used real-time dataset of potato leaves in order
to detect Early blight, Late Blight and Healthy thorough
Altrous CNN-network, through which model go 9% of
accuracy.

Another study of Divyansh Tiwari et al. [3] In 2020,
when the author used VGG-19, pre-trained model of
Convolutional Neural Network (CNN) for diagnosing
potato leaf disease like late blight, early blight which
directly influence quality and quantity of potatoes
production and their proposed model gave accuracy upto
97.8%.

Next study is the study of Rabbia Mahum et al. [21]
in 2022, used Plant Village dataset to detect potato
leaves disease like blights i.e Early Blight and Late
Blight, potato leaf rolls, Potato Verticillium with the
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help of pre-trained model Efficient DenseNet-201 and
achieved accuracy of 97.2%.

The most recent Study of Mosleh Hmoud et al. [22]
in 2023 used customized CNN (Convolutional Neural

Network) [23] to enhance accuracy rate and to reduce
computation time and information loss, author
compared different machine learning and deep learning
algorithm for potato blight, and their customized model

got accuracy of 99%.
Table 1
Previous work on potato leaf diseases
Year  Author Method Datasets Research Areas
2023  Wengqiang Gao et al. [20] Atrous-CNN network Real-time Database Potato Leaf diseases
2019  Sunayana Arya et al. [19] AlexNet Plant Village Potato Leaf diseases
2020  Feilong Kang et al. [16] ResNet, Xception, Not mentioned Potato Disease, Early Blight,
MobileNet Late Blight and Healthy
2020  Abdul Jalil Rozaqi et al. [24] Deep Learning using CNN  Not mentioned Potato Disease, Early Blight,
Late Blight
2020  Divyansh Tiwari et al. [3] VGG-19 Not mentioned Potato Disease, Early Blight,
Late Blight
2021  Mahmudul Hassan et al. [17] VGG Plant Village Potato leaf disease
2021  Afzaal and Aitazaz A. etal. [20] GoogleNet, VGG and Real-time Database Potato Disease, Early Blight
EfficientNet,
2021  Javed Rashid et al. [15] YOLOvVS Plant Village Potato Disease, Early Blight
2022  Rabbia Mahum [21] DenseNet Plant Village Potato Disease, Early Blight
2023  Mosleh Hmoud et al. [22] Inception-v3 Plant Village Potato Disease, Blight

3. Proposed Methodology

In this portion, we will explore the recommended
architecture for potato leaves diseases detection. Our
proposed architecture will take potato images as input
and predict relevant labels as output. (a) Detect the type
of diseases from leaves of potato or indicate them
healthy, (b) the output labels are the result that obtain
from our trained model, and (c) the accuracy of the
model.

Fig. 3. Shows the whole process step wise that we
have used for the identification of potato leaves whether
their types of disease or healthy. Our algorithm has four
major steps in each step we did different works like step
(1) explained the steps of creating the experimental
dataset, step (2) how we created our model, step (3) how
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we distribute the experimental dataset, and step (4)
described the training process and evaluation.

Model Creation
Dataset
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Fig. 3. Visual Representation of Proposed Model to Detect
Potato Leaf Diseases
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3.1 Dataset

We used Plant Village [25] dataset which have 14
different crops from which we extracted healthy potato
leaves and their two diseases late blight and early blight
[26]. Total 2150 images.

Deep neural network models [27], [28] can
sometimes run into a challenge known as overfitting
during training. This means that a highly capable model
can basically "memorize" the dataset, which is not what
we want. To tackle this issue, we employ a technique
called data augmentation, which is widely used across
various fields. The primary aim of data augmentation is
to expand the dataset's size. Data augmentation is
typically carried out through two different approaches.
The first is the usual approach, which aims to create new
images that carry the same features and characteristics
but lack the ability to simplify. Data augmentation has
various techniques like rotation, flipping vertically and
horizontally, adjusting brightness, Gaussian noise,
blurring, scaling images [29] and many more. However,
these techniques can sometimes produce lower-quality
and less diverse results.

We can also use Generative Adversarial Networks
(GANs) as another approach. GANs are a Deep
Learning [30], [31] approach used for generative
modelling. This method uses techniques like
Convolutional Neural Networks (CNNs) [32] to create
fake samples that closely look like the features of the
original images. GAN models typically consist of two
key sections one is generator and the second is
discriminator. The generator network takes arbitrary
noise as input and creates images based on that noise.
Alternatively, the discriminator network is responsible
for deciding whether the input image is "real" (from the
original dataset) or "fake" (created by the generator).
This approach helps us avoid overfitting issues.

In our specific case, to create our experimental
dataset, we opted for the data augmentation method to
mitigate the risk of overfitting. In setting up data
augmentation, we used a few techniques such as
rotation, flip vertical and horizontal, Gaussian blur, salt
and paper dots and scaling.

3.2 Model Creation

In Fig. 3, we illustrate the CNN architecture designed
for classifying diseases in potato plants. This network
takes 256 x 256 colour images as input, and we
normalize their pixel values to a range of (0, 1) for
processing. Our proposed convolutional network
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consists of six layers, each employing filters with
varying capacities: 4, 8, 16, 32, 64, and 128, in that
order. We chose this sequence because layers nearer to
the model's start tend to learn convolutional features less
effectively than those closer to the output. Additionally,
we used a 3 x 3 kernel size for the 2D convolution
window, a value commonly recommended for the
number of filters. To activate each node in the
convolutional layers, we employed the rectified linear
unit (ReLU) as our activation function. Following the
convolutional layers, we introduced a max-pooling layer
to use the feature map then reduces the most significant
features into smaller patches. This technique is applied
to all convolutional layers specified in the architecture
[33], [34], [35]. The outcome of the final MaxPooling
layer is pass by ta MaxAveragePooling layer,
transforming it into a vector. This vector is then linked
to a dense layer with 3 output nodes, each representing
one of the 3 categories. We use “softmax” activation in
this dense layer, which assigns a probability to each
category for the analysed image.

For a detailed overview of our model's layer
structure, please refer to Table 1, which provides
comprehensive information.

@ Sequential ' Convin a HaxPooling2m ' Flatten ' Dense

Fig. 4: CNN Visual Representation
Table 2

Convolutional Neural Network Layers

Layers Parameters

Conv2D Kernel (3,3), Strides (1,1), input
shape (32, 256, 256, 3), output shape
(32, 254, 254, 32), Activation =

‘ReLw’

MaxPooling2D Pool Size (2,2)

Conv2D Kernel (3,3), Strides (1,1), input
shape (32, 256, 256, 3), output shape
(32, 254, 254, 32), Activation =
‘ReLw’

MaxPooling2D Pool Size (2,2)

Conv2D Kernel (3,3), Strides (1,1), input
shape (32, 256, 256, 3), output shape
(32, 254, 254, 32), Activation =
‘ReLw’

MaxPooling2D Pool Size (2,2)
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Conv2D Kernel (3,3), Strides (1,1), input
shape (32, 256, 256, 3), output shape
(32, 254, 254, 32), Activation =
‘ReLw’

MaxPooling2D Pool Size (2,2)

Conv2D Kernel (3,3), Strides (1,1), input
shape (32, 256, 256, 3), output shape
(32, 254, 254, 32), Activation =
‘ReLw’

MaxPooling2D Pool Size (2,2)

Flatten Output Shape (32, 256), Activation =
‘ReLw’

Dense Output Shape (32, 64), Activation =
‘ReLw’

Dense Output Shape (32, 10), Activation =
‘Softmax’

3.3 Data Distribution

A popular method for dividing a dataset into sets for
training and validation is by allocating percentages, such
as 70:30 or 80:20. High validation accuracy may not
necessarily indicate a good model, which is one of the
issues that may occur with this approach. It is possible
that this split will produce biased findings if some
information is missing from the data that were not used
for training. We use a k-fold cross-validation method to
assess the model's performance. The k-folds approach
seeks to make sure that both the training and validation
phases include all the dataset's features. The dataset is
split into smaller subsets using the k-fold cross-
validation approach. As a result, k times of the cross-
validation approach are repeated. K=3, K=5,and K=
10 are typical values in machine learning. To achieve a
reasonable balance between cheap computation cost and
low bias for a calculation of model performance, we use
k=5.

In training process, we used Adam as optimizer and the
loss function, we used Sparse Categorical entropy with
batch size of 32 along with 50 epochs while the dropout
we set was 0.2 as shown in Table 3.

Table 3

Parameters used in Proposed CNN Model

Parameter Value

Optimizer Adam

Loss Function Sparse Categorical Crossentropy
Batch Size 32

Epochs 50

Dropout 0.2

Verbose 1
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4, Result and Discussion

It has been noted that the Plant Village dataset was used
in most of the research. As a result, the classifications'
nature and outcome are extremely similar. After the DL
model and optimization technique were shown to be the
most efficient duo, the collection of photos of potato
leaves underwent a varied class illnesses classification.
To distinguish between leaves with late blight, early
blight, and healthy leaves, we collected photos of potato
diseased leaves.

4.1 Validation of Proposed Model

Training and Validation Loss

—— Training Loss

Validation Loss
08

06

MERN

0.0

v
A\
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Fig. 5(a). Training and Validation Loss
Training and Validation Accuracy

//\/\/*/\"’"*‘/\Wﬁ

09 //\

f
08 r

07

06

—— Training Accuracy

Validation Accuracy
05

0 10 20 30 40 50

Fig. 5(b). Training and Validation Accuracy

Fig. 5(a) and 5(b) represent the training and
validation of accuracy and loss. We achieved training
and validation 98.44% accuracy. We ran 50 epochs
which took almost 2 hours, we used python language to
train and evaluate. Jupyter as environment.
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Fig. 9. Result Obtained from Our Proposed Model
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Fig. 9 shows the result obtained from our proposed
model. You can see all predictions are accurate with
almost 100% confidence. There you can see the actual
label, predicted label and confidence in percentage.

5. Conclusion

The agriculture sector has a difficult task in satisfying
the rising demand for food supply due to the fast-
expanding world population and the ongoing threat of
plant diseases. The efficiency of disease control remains
a major problem for farmers despite huge investments in
disease management. By allowing early identification of
plant pathogens via adaptive algorithms, the application
of DL approaches offers a possible option.
Convolutional Neural Networks (CNNs) have emerged
as one of these methods that is particularly useful for
classifying and identifying plant diseases. The primary
focus of this study's performance examination was on
the leaves of the potato plant. The CNN model has
proven to be superior through thorough testing and
research with an extensive number of hyper-parameters,
like activation functions, optimizers, and dropout rates,
holding the potential to revolutionize farming practices.
The CNN model assists in more effective farming
practices, ensuring increased agricultural yield by
speeding up crucial disease control choices. For this
study, Plant Village dataset was used to collect images
of potato plant disease which is related to Leaf Blights
like Early Blight and Late Blight. These images, which
were separated into the beginning, middle, and end
stages, provided crucial training data for CNN models
employing transfer learning techniques. The mini-batch
size, epochs, and data augmentation were among the
hyper-parameters whose effects were also investigated
in the study. A few performance metrics were
investigated as part of the study, including classification
accuracy, F1-score, precision, recall, and ROC curves
were carefully evaluated and provided illuminating
information about the model's performance. Thanks to
this study, the practice of recognizing plant diseases
using CNNs has evolved, however there are still other
areas that require additional research and development:
A bigger, more diversified dataset with a wider variety
of plant species and disease types will help this model's
ability to generalize.

© Mehran University of Engineering and Technology 2024

6. References

[1]

[2]

3]

[4]

[5]

[6]

[7]

[8]

[9]

Faostat,https://www.fao.org/faostat/en/#data/QCL
(accessed Dec. 1, 2023).

“Los productos agropecuarios mas exportados,”
Mundi. Accessed: Feb. 19, 2024. [Online].
Available:https://mundi.io/exportacion/exportaci
on-productos-agropecuarios-mexico/

D. Tiwari et al., “Potato leaf diseases detection
using deep learning,” 2020 4th International
Conference on Intelligent Computing and Control
Systems (ICICCS), May 2020.
doi:10.1109/iciccs48265.2020.9121067

M. H. Aabidi, A. EL Makrani, B. Jabir, and |I.
Zaimi, “A model proposal for enhancing leaf
disease detection using convolutional neural
networks (CNN),” International Journal of Online
and Biomedical Engineering (iJOE), vol. 19, no.
12, pp. 127-143, Aug. 2023.
doi:10.3991/ijoe.v19i12.40329

W. B. Demilie, “Plant disease detection and
classification techniques: A comparative study of
the performances,” Journal of Big Data, vol. 11,
no. 1, Jan. 2024. doi:10.1186/s40537-023-00863-
9

M. M. Khalid and O. Karan, “Deep learning for
plant disease detection,” International Journal of
Mathematics, Statistics, and Computer Science,
vol. 2, pp. 75-84, Nov. 2023.
doi:10.59543/ijmscs.v2i.8343

R. D. Pahlawanto, H. Salsabila, and K. R. Pratiwi,
“Detection and prediction of rice plant diseases
using convolutional neural network (CNN)
method,” Journal of Student Research
Exploration, vol. 2, no. 1, pp. 22-33, Jan. 2024.
doi:10.52465/josre.v2i1.254

T. Shi et al., “Recent advances in plant disease
severity assessment using convolutional neural
networks,” Scientific Reports, vol. 13, no. 1, Feb.
2023. doi:10.1038/s41598-023-29230-7

A. Z. Bin Siddique et al., “Late and early blight
diseases identification of potatoes with a light
weight hybrid transfer learning model,” in 2023
IEEE World Al IoT Congress (AlloT), Jun. 2023,
pp. 0105-0111. doi:
10.1109/A110T58121.2023.10174429.

130



[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

T.-Y. Lee, I.-A. Lin, J.-Y. Yu, J. Yang, and Y.-C.
Chang, “High efficiency disease detection for
potato leaf with convolutional neural network,”
SN Comput. Sci., vol. 2, no. 4, p. 297, May 2021,
doi: 10.1007/s42979-021-00691-9.

S. Bangari, P. Rachana, N. Gupta, P. S. Sudi, and
K. K. Baniya, “A survey on disease detection of a
potato leaf wusing CNN,” 2022 Second
International Conference on Artificial
Intelligence and Smart Energy (ICAIS), Feb.
2022, pp. 144-149. doi:
10.1109/ICAIS53314.2022.9742963.

Md. K. R. Asif, Md. A. Rahman, and Most. H.
Hena, “CNN based disease detection approach on
potato leaves,” 2020 3rd International Conference
on Intelligent Sustainable Systems (ICISS), Dec.
2020, pp. 428-432. doi:
10.1109/IC1SS49785.2020.9316021.

P. K. Shukla and S. Sathiya, “Early detection of
potato leaf diseases using convolutional neural
network with web application,” 2022 IEEE World
Conference on Applied Intelligence and
Computing (AIC), Jun. 2022, pp. 277-282. doi:
10.1109/A1C55036.2022.9848975.

R. D. Potnuru, S. Yalamanchili, L. Portigadda, T.
Tata, and P. Burada, “Machine learning based
potato leaves disease 2023
International Conference on Innovative Data
Communication Technologies and Application
(ICIDCA), Mar. 2023, pp. 176-180. doi:
10.1109/ICIDCA56705.2023.10100011.

J. Rashid, I. Khan, G. Ali, S. H. Almotiri, M. A.
AlGhamdi, and K. Masood, “Multi-level deep
learning model for potato leaf disease

recognition,” Electronics, vol. 10, no. 17, Art. no.
17, Jan. 2021, doi: 10.3390/electronics10172064.

F. Kang, J. Li, C. Wang, and F. Wang, “A
lightweight neural network-based method for
identifying early-blight and late-blight leaves of
potato,” Appl. Sci., vol. 13, no. 3, Art. no. 3, Jan.
2023, doi: 10.3390/app13031487.

detection,”

S. M. Hassan, M. Jasinski, Z. Leonowicz, E.
Jasinska, and A. K. Maji, “Plant disease
identification using shallow convolutional neural
network,” Agronomy, vol. 11, no. 12, Art. no. 12,
Dec. 2021, doi: 10.3390/agronomy11122388.

© Mehran University of Engineering and Technology 2024

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

H. Afzaal et al., “Detection of a potato disease
(early blight) using artificial intelligence,”
Remote Sens., vol. 13, no. 3, Art. no. 3, Jan. 2021,
doi: 10.3390/rs13030411.

S. Arya and R. Singh, “A comparative study of
CNN and AlexNet for detection of disease in
potato and mango leaf,” 2019 International
Conference on Issues and Challenges in
Intelligent Computing Techniques (ICICT), Sep.
2019, pp. 1-6. doi:
10.1109/ICICT46931.2019.8977648.

W. Gao, Z. Xiao, and T. Bao, “Detection and
identification of potato-typical diseases based on
multidimensional  fusion  Atrous-CNN and
hyperspectral data,” Appl. Sci., vol. 13, no. 8, Art.
no. 8, Jan. 2023, doi: 10.3390/app13085023.

A. Chug, A. Bhatia, A. P. Singh, and D. Singh, “A
novel framework for image-based plant disease
detection using hybrid deep learning approach,”
Soft Comput., vol. 27, no. 18, pp. 1361313638,
Sep. 2023, doi: 10.1007/s00500-022-07177-7.

M. H. Al-Adhaileh, A. Verma, T. H. H. Aldhyani,
and D. Koundal, “Potato blight detection using
fine-tuned CNN architecture,” Mathematics, vol.
11, no. 6, Art. no. 6, Jan. 2023, doi:
10.3390/math11061516.

A. V. Panchal, S. C. Patel, K. Bagyalakshmi, P.
Kumar, I. R. Khan, and M. Soni, “Image-based
plant diseases detection using deep learning,”
Mater. Today Proc., vol. 80, pp. 3500-3506, Jan.
2023, doi: 10.1016/j.matpr.2021.07.281.

A. J. Rozaqi and A. Sunyoto, “Identification of
disease in potato leaves using convolutional
neural network (CNN) algorithm,” 2020 3rd
International Conference on Information and
Communications Technology (ICOIACT), Nov.
2020, pp. 72-T76. doi:
10.1109/ICOIACT50329.2020.9332037.

M. S, 1804, “Plantvillage,” Kaggle,
https://www.kaggle.com/datasets/mohitsingh180
4/plantvillage (accessed Dec. 1, 2023).

S. G. Joseph, Mohd. S. Ashraf, A. P. Srivastava,
B. Pant, A. Rana, and A. Joshi, “CNN-based early
blight and late blight disease detection on potato
leaves,” 2022 2nd International Conference on
Technological Advancements in Computational
Sciences (ICTACS), Oct. 2022, pp. 923-928. doi:
10.1109/ICTACS56270.2022.9988540.

131



[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

D. S. Joseph, P. M. Pawar, and R. Pramanik,
“Intelligent plant disease diagnosis using
convolutional neural network: a review,”
Multimed. Tools Appl., vol. 82, no. 14, pp.
21415-21481, Jun. 2023, doi: 10.1007/s11042-
022-14004-6.

S. Mehta, V. Kukreja, and R. Yadav, “Advanced
mango leaf disease detection and severity analysis
with federated learning and CNN,” 2023 3rd
International ~ Conference  on Intelligent
Technologies (CONIT), Jun. 2023, pp. 1-6. doi:
10.1109/CONIT59222.2023.10205922.

A. A. Laghari et al., “The state of art and review
on video streaming,” J. High Speed Netw., vol.
29, no. 3, pp. 211-236, Jan. 2023, doi:
10.3233/JHS-222087.

A. Laghari, V. Estrela, and S. Yin, “How to
collect and interpret medical pictures captured in
highly challenging environments that range from
nanoscale to hyperspectral imaging,” Curr. Med.
Imaging Former. Curr. Med. Imaging Rev., vol.
19, Dec. 2022, doi:
10.2174/1573405619666221228094228.

S. Karim, A. Qadir, U. Farooq, M. Shakir, and A.
A. Laghari, “Hyperspectral imaging: A review
and trends towards medical imaging,” Curr. Med.
Imaging Rev., vol. 19, no. 5, pp. 417-427, Apr.
2023, doi:
10.2174/1573405618666220519144358.

H. Ulutas and V. Aslantas, “Design of efficient
methods for the detection of tomato leaf disease
utilizing proposed ensemble CNN model,”
Electronics, vol. 12, no. 4, Art. no. 4, Jan. 2023,
doi: 10.3390/electronics12040827.

U. Saeed, K. Kumar, M. A. Khuhro, A. A.
Laghari, A. A. Shaikh, and A. Rai,
“DeepLeukNet—A CNN based microscopy
adaptation model for acute lymphoblastic
leukemia classification,” Multimed. Tools Appl.,
vol. 83, no. 7, pp. 2101921043, Feb. 2024, doi:
10.1007/s11042-023-16191-2.

A. A. Laghari, Y. Sun, M. Alhussein, K.
Aurangzeb, M. S. Anwar, and M. Rashid, “Deep
residual-dense network based on bidirectional
recurrent neural network for atrial fibrillation
detection,” Sci. Rep., vol. 13, no. 1, Art. no. 1,
Sep. 2023, doi: 10.1038/s41598-023-40343-X.

© Mehran University of Engineering and Technology 2024

[35] S. Das, A. Adhikary, A. A. Laghari, and S. Mitra,

“Eldo-care: EEG with kinect sensor based
telehealthcare for the disabled and the elderly,”
Neurosci. Inform., vol. 3, no. 2, p. 100130, Jun.
2023, doi: 10.1016/j.neuri.2023.100130.

132



